Direct or indirect inter-residue interactions in proteins are often reflected by mutations at one site that compensate for mutations at another site. Various bioinformatic methods have been developed for detecting such correlated mutations in order to obtain information about intra-and inter-protein interactions. Here, we show by carrying out a correlated mutation analysis for non-interacting proteins that the signal due to inter-residue interactions is of similar magnitude to the 'noise' that arises from other evolutionary processes related to common ancestry. A new method for detecting correlated mutations is presented that reduces this evolutionary noise by taking into account evolutionary distances in the protein family. It is shown that this method yields better signal-to-noise ratios and, therefore, can much better resolve, for example, correlated mutations that reflect true inter-residue interactions.
Introduction
Mutations that perturb protein structure at one site are often compensated for by mutations at other sites. Such coordinated mutations in proteins are thought to occur since there is a stronger selective pressure to maintain protein structure and function than sequence. Suppressor mutations revealed through genetic studies are examples for the operation of such compensatory mechanisms. It has often been assumed that compensatory mutations occur at positions near the site of perturbation (Altschuh et al., 1987) . This motivated the development of bioinformatic methods for detecting correlated mutations as a source for distance information in protein structure prediction (Göbel et al., 1994; Neher, 1994; Ortiz et al., 1999) . Correlated mutations may, however, also occur at distant positions, thus reflecting long-range interactions in proteins (Horovitz et al., 1994; Lockless and Ranganathan, 1999; Kass and Horovitz, 2002; Fleishman et al., 2004) .
Bioinformatic methods for detecting correlated mutations consist of two main steps: (i) alignment of homologous sequences and (ii) identification of pairs of columns in the alignment in which there is a statistically significant tendency for mutations in one column to be accompanied by corresponding and usually different mutations in the other column. The results of such an analysis are found to depend on the way in which both steps are carried out since all the methods for detecting correlated mutations are sensitive, but to different extents, to the degree of sequence conservation in the alignment (Fodor and Aldrich, 2004) . A second key problem that all the methods share is distinguishing signal from noise. In other words, it is necessary to differentiate between correlated mutations that reflect short-or long-range inter-residue interactions (because of selective pressure to maintain protein structure and/or function) and those that reflect other evolutionary processes related to common ancestry (Pollock et al., 1999; Larson et al., 2000; Wollenberg and Atchley, 2000) such as changes in codon usage or amino acid frequencies (referred to in this paper as 'noise'). The need to take into account common ancestry in correlated mutation analysis has been recognized before. Shindyalov et al. (1994) incorporated the evolutionary tree structure in their formalism but without implementing it in their algorithm to filter out evolutionary noise. Larson et al. (2000) sought to eliminate artifactual covariations by discarding those found to arise from subsets of sequences with an average pairwise identity higher than the median of the distribution. In their study, separate sequence diversity thresholds were determined empirically for each system. A different approach (Wollenberg and Atchley, 2000) to this problem was to compare the distribution of an inter-site mutual information statistic for an alignment of naturally occurring sequences with the distribution of this statistic for artificial sequence data generated using the parametric bootstrap from a random ancestral sequence, a given substitution matrix and the same tree. Correlated mutations in the set of artificial sequences can arise solely from common ancestry. Hence such a comparison enabled the probability that a pair of covarying sites with a certain value of the mutual information statistic did not result from common ancestry to be determined.
In this paper, we first provide an unambiguous demonstration that the level of noise due to common ancestry is of the same magnitude as that of the signal due to inter-residue interactions. We then describe a new method for detecting correlated mutations that improves the signal-to-noise ratio by determining for each individual pair of covarying sites in an alignment the likelihood that they did not result from common ancestry. Our method is similar in spirit to the method of Wollenberg and Atchley (2000) but with two key differences: (i) the amino acid composition of each position in the alignment is conserved in the artificial sequences; and (ii) the likelihood that a pair of covarying sites did not result from common ancestry is determined individually for every pair of sites in the alignment. Finally, we report results that show that the fraction of correlated mutations that reflect direct inter-residue interactions is enriched when this new method is used, thereby indicating that the signal has a physical basis that the noise lacks.
Methods

Construction of sequence data sets
The SWISS-PROT database (Bairoch and Apweiler, 2000; Boeckmann et al., 2003) was searched for large families of proteins and an initial multiple sequence alignment (MSA) of each family was then carried out with version 1.82 of the CLUSTAL W program (Thompson et al., 1994) using its default parameters. Sequences found to have a low average pairwise sequence identity with all the other sequences in the alignment were eliminated and the remaining sequences were then realigned. This process was repeated until the average pairwise identity of all the sequences in the alignment was >45%. Correlated mutation analysis was carried out only on such MSAs that contained >50 sequences. Analysis of correlated mutations between families (in order to detect noise) was carried out by concatenation of sequences in the corresponding MSAs that are from the same organism. One such alignment, for example, consists of the sequence of adenylate kinase from organism X concatenated to the sequence of carbamoylphosphate synthase from the same organism X, the sequence of adenylate kinase from organism Y concatenated to the sequence of carbamoyl-phosphate synthase from the same organism Y, etc. We created 16 such alignments (see Table I ) of sequences of different artificial chimeras that contain between 40 and 50 sequences each. All the alignments can be provided upon request.
Detection of correlated mutations using random shuffling (i.e. without noise reduction)
Frequencies of all amino acids at all positions in the MSA containing N sequences were calculated. The expected number of sequences, N EX , that contain amino acid A at position i and amino acid B at position j assuming no coupling between the two positions is given by Nf A,i f B, j where f A,i and f B,j are the frequencies of A and B at positions i and j, respectively. Each column j was shuffled randomly up to 2000 times (while leaving all other columns in the alignment including column i intact) and the observed number of sequences, N OBS , that contain amino acid A at position i and amino acid B at position j in each shuffle was determined. A w 2 (i,j) value for column i and each shuffle of column j was then calculated, as follows:
where n = kl is the number of different amino acid pairs which may be found at positions i and j given that k and l different kinds of amino acids are found at these two positions, respectively. The shuffles were carried out in three rounds and if the value of w 2 (i, j) obtained without shuffling after the first and second rounds was not sufficiently high relative to the values obtained with shuffling then that pair of positions was not analyzed further in order to save computer time. The number of shuffles in the first and second rounds and the choice of cutoff values had little effect on the final results. In the implementation here, a pair of positions was not analyzed further if the value of w 2 (i, j) obtained without shuffling was found to be in the bottom 90% of all the values obtained after the first 100 shuffles. The procedure was then repeated for 900 additional random shuffles and the pair of positions was not considered further if the value of w 2 (i, j) obtained without shuffling was now found to be in the bottom 95% of all the values. Finally, 1000 additional random shuffles were carried out and a P-value was assigned to columns i and j based on the value of w 2 (i, j) obtained without shuffling relative to all the values of w 2 (i, j) obtained with shuffling. Positions at which 10 percent or more of the sequences have a gap were discarded. Positions with a lower percentage of gaps were analyzed but sequences with a gap at position i and/or j (either before or after the shuffling) were excluded from the statistics of that pair of positions. This procedure was carried out in turn for each pair of positions i and j in the alignment. It should be noted that, regardless of whether the random or tree-based (see below) shuffling methods is used, no information is obtained about coupling between two positions if one or both of them are fully conserved since w 2 (i, j) = 0. Such positions in a MSA can, therefore, be eliminated before carrying out the correlated mutation analysis. Given a P-value of 0.005, we calculate that $3% of the coupled The tree correlation coefficient is the linear correlation coefficient between the respective i · i distance matrices of the a and b proteins. Such a correlation coefficient was used by Goh et al. (2000) in order to predict protein interaction partners. The pairs of proteins are listed in ascending order of their tree correlation coefficient. b R new and R old are the ratios between the density of intra-protein correlated mutations and the density of inter-protein correlated mutations obtained with the tree-based shuffling method and the random shuffling method, respectively.
O.Noivirt, M.Eisenstein and A.Horovitz positions that are detected using the random shuffling method are due to multiplicity (i.e. false discovery rate).
Detection of correlated mutations using tree-based shuffling (i.e. with noise reduction)
This method is similar to that described above except that each shuffle for column j was generated by (i) randomly selecting 20% of the sequences in the alignment and (ii) carrying out pairwise permutations between each of the selected sequences and another sequence in the alignment chosen with a probability based on the evolutionary distance between them, as follows:
where P(a, b) is the probability that a randomly selected sequence a is shuffled with sequence b, r a,b is the evolutionary distance between sequences a and b and P i 1=r a;i is the sum of reciprocals of the evolutionary distances between sequence a and all the other sequences in the alignment (the probability function P(a, b) = exp(-r a,b )/ P i exp(-r a,i ) was also tested and found to yield similar results). Evolutionary distances between all the sequences in the MSA were calculated using the Tree-Puzzle software (Schmidt et al., 2002) and its default parameters but with the uniform rate heterogeneity model and the Dayhoff substitution matrix (Dayhoff et al., 1978) . These distances are in units of expected fraction of amino acids changed such that 1 unit corresponds to 100 PAM, where 1 PAM is 1% amino acids changed (the relationship between PAM and % amino acids changed is not linear) (Dayhoff et al., 1978) . Use of other amino acid substitution matrices and/or rate heterogeneity models was found to have little effect on the results of the correlated mutation analysis obtained with this method. The tree-based shuffles were carried out in several rounds as in the case of the random shuffles described above. Here, this was implemented by initially calculating a w 2 (i, j) value (Equation 1) for each column i and 500 shuffles of column j. Pairs of positions for which the value of w 2 (i, j) obtained without shuffling was found to be in the bottom 80% of all the values obtained with shuffling were not analyzed further. The procedure was then repeated twice, each time for 500 additional shuffles and pairs of positions were not considered further if the value of w 2 (i, j) obtained for them without shuffling was found to be in the bottom 90% after the second repeat or bottom 93% after the third repeat. Finally, 500 additional random shuffles were carried out and a P-value was assigned to columns i and j based on the value of w 2 (i, j) obtained without shuffling relative to all the values of w 2 (i, j) obtained with shuffling. Here, too, the number of shuffles in each round and the choice of cutoff values had little effect on the final results. Given a P-value of 0.005, <3% of the coupled positions that are detected using the tree-based shuffling method are due to multiplicity (i.e. false discovery rate).
Analysis of correlated mutations in different elements of secondary structure
Information on the location of a-helices, b-strands and unstructured segments (that comprise >10 amino acids) in the sequences of the proteins in Table II (available as Supplementary data at PEDS online) with known three-dimensional structure was extracted from the Protein Data Bank (PDB). The PDB codes of these proteins are 1ad2, 1e4y:A, 1k7w:A, 1il2:A, 1fx0:A, 1kmh:B, 1ocz:A, 1e9i:A, 1aon:O, 4hhb:AB, 1fmt:A, 3pfk, 3pgk, 1set:A, 1m6j:A, 1oel:A and 1h1t:A. Correlated mutations found in protein families containing these proteins were then classified into those that are in a-helices, b-strands and unstructured segments (if both positions in the pairwise correlation are in the same secondary structure element) or other.
Analysis of distances between positions with covarying residues
Inter-residue distances between C b atoms (Zemla et al., 1997) (or C a in the case of glycine) were calculated between all pairs of positions found to have covarying residues using the old method with random shuffling or the new method with the treebased shuffling. In addition, distances between all pairs of residues in the proteins analyzed were calculated as a control (except for positions that were excluded from the correlated mutation analysis owing to high gap content or conservation). Histograms of these distances were created only for the nonhomo-oligomeric proteins in Table II (Supplementary data) ribosomal 50S L1 protein (1ad2), adenylate kinase (1e4y:A), methionyl-tRNA formyl transferase (1fmt:A) and phosphoglycerate kinase (3pgk), since we wanted to avoid cases where it is not clear whether the distances that should be measured are within subunits, between subunits or both.
Results and discussion
Here, we describe a method that increases the likelihood that correlated mutations which are detected reflect inter-residue interactions and not common ancestry. Assessing the performance of such a method is not trivial. For example, it is sometimes assumed that correlated mutations at positions that are distant from each other in space reflect common ancestry and not inter-residue interactions, but that may not be the case (Horovitz et al., 1994; Lockless and Ranganathan, 1999; Kass and Horovitz, 2002) . In addition, correlated mutations at positions that are close to each other in space may reflect common ancestry and not inter-residue interactions as often assumed. MSAs of different concatenated non-interacting proteins were, therefore, generated in which correlated mutations between the two proteins are due to common ancestry only. The new method was tested by determining to what extent it can better detect correlated mutations within each of the proteins that are due to inter-residue interactions and common ancestry (signal and noise, respectively) as compared with correlated mutations between the proteins that are due to common ancestry only. In addition, the new method was tested by determining whether it leads to enrichment of the fraction of correlated mutations that reflect direct inter-residue interactions in the tertiary structure and in different secondary structure elements of proteins as compared with the old method.
Magnitude of evolutionary noise in correlated mutation analysis
The method of Kass and Horovitz (2002) (see also http:// bioportal.weizmann.ac.il/cmutatd/) for detecting correlated mutations is based on the chi-squared test, which requires that results for a pair of positions i,j are discarded if (i) any N n,EX is <1 or (ii) >20% of the N n,EX are <5. Here, these two conditions were replaced by determining a P-value for w 2 (i, j) from the w 2 (i, j) value obtained without shuffling relative to the 2000 w 2 (i, j) values obtained with shuffling column j with respect to column i. This statistical test, which is based on a distribution of w 2 (i,j) values generated for every pair of positions, circumvents the need to assume that the chi-squared distribution holds as is often not the case when one of the above two conditions is not met. This method was applied to 16 pairs of concatenated non-interacting proteins (Table I) in order to evaluate the extent of evolutionary noise in correlated mutation analysis. The criterion for deciding that there is no (direct or indirect) interaction between two proteins, a and b, was that thorough searching of PubMed did not reveal one (these pairs are used only to test the methods and, therefore, it is not crucial if it transpires in the future that a few of them are indeed interacting). The sequences of a i and b i from i organisms were aligned and concatenated and a search for correlated mutations within proteins a and b and between proteins a and b was then carried out. Surprisingly, little difference was found between the number or density (the number of correlated mutations found divided by the total number of possible correlated pairs of positions) of correlated mutations found within proteins and between proteins for all 16 pairs examined, despite the fact that proteins a and b do not interact (Figure 1a) . In contrast, shuffling of the sequences of b i with respect to a i (so that now a i is no longer concatenated to b i and instead is concatenated, for example, to b j from another organism) eliminated almost completely correlated mutations between a and b but not within a and b (Figure 1b) . These results show, therefore, that the signal in correlated mutation analysis due to inter-residue interactions is of the same magnitude or weaker than the noise due to other evolutionary processes.
Reduction of evolutionary noise in correlated mutation analysis by tree-based shuffling
The method of Kass and Horovitz (2002) with random shuffling as described above was modified in order to improve the signal (due to inter-residue interactions)-to-noise (due to other evolutionary processes) ratio. In this new method, the probability for shuffling two sequences is not random but inversely proportional to their evolutionary distance. Consider, for example, the two evolutionary trees shown in Figure 2 . In the case of the left tree, the pattern of coordinated mutations is correlated with the tree, i.e. the pairs AB and CD of amino acids are found only in the top and bottom branches of the tree, respectively. In the case of the right tree, however, such a correlation is absent since each of the pairs AB and CD is found in both branches of the tree. The contribution of evolutionary noise to the results of correlated mutation analysis is, therefore, expected to be larger for the pattern of coordinated mutations that is correlated with the evolutionary tree (Figure 2a ). In the case of the left tree, shuffling of sequences with a probability that is inversely proportional to their Fig. 1 . Correlated mutation analysis of concatenated carbamoyl-phosphate synthase and adenylate kinase sequences without noise reduction. Concatenated sequences of carbamoyl-phosphate synthase (small chain) and adenylate kinase from the same organism (a) and after shuffling of the adenylate kinase sequences (b) were subjected to correlated mutation analysis using the method of Kass and Horovitz (2002) with random shuffling. Coupled positions with a P-value <0.005 found within carbamoyl-phosphate synthase (small chain) (I) or adenylate kinase (II) and between the two proteins (III) are shown as black dots. Sequence numbering corresponds to the sequence of adenylate kinase concatenated to the C-terminus of carbamoyl-phosphate synthase (small chain) after eliminating positions in both proteins that are conserved or with gaps in >10% of the sequences. Fig. 2 . Examples of evolutionary trees for which a correlation between patterns of coordinated mutations is present (a) or absent (b). In the left tree, the amino acids A at position i and B at position j found in the top branch are replaced by the amino acids C and D, respectively, in the bottom branch. In the tree on the right, each of the pairs AB and CD is found in both branches.
O.Noivirt, M.Eisenstein and A.Horovitz evolutionary distance will cause little change in column j since pairs that are close in distance are also identical. The w 2 (i, j) value obtained without shuffling column j relative to column i will, therefore, be relatively similar to the w 2 (i, j) values obtained with shuffling and a high P-value will be assigned to that pair of positions. In the case of the right tree, however, shuffling of sequences with a probability that is inversely proportional to their evolutionary distance will cause a large change in column j since pairs that are close in distance are not necessarily identical. Hence the w 2 (i, j) value obtained without shuffling column j relative to column i will tend to differ from the w 2 (i, j) values obtained with shuffling and it is more likely that a low P-value will be assigned to that pair of positions. The new method, therefore, assigns a higher score to patterns of coordinated mutations with a weak correlation to the evolutionary tree (Figure 2b ) whereas other methods (see, for example, Lockless and Ranganathan, 1999; Kass and Horovitz, 2002; Dima and Thirumalai, 2004) assign the same score to both patterns.
The new method was tested on the 16 different pairs of concatenated non-interacting proteins a and b (Table I ). The probability for shuffling two sequences was determined from a distance matrix for the aligned and concatenated sequences of a i and b i from i organisms. It should be mentioned that in such distance matrices, the influence of the two proteins may not be equal and depends on their lengths. It may be seen in Figure 3 , panels III that application of the new method to the pair of proteins carbamoyl-phosphate synthase and adenylate kinase, for example, leads to a dramatic decrease in the number of inter-protein correlated mutations. The number of intra-protein correlated mutations is also found to decrease for both proteins (Figure 3 , panels I and II). Importantly, the ratio between the density of intra-protein correlated mutations (due to signal and noise) and the density of inter-protein correlated mutations (due to noise only) for this pair of proteins changes from $1.4 (0.180/0.126) when using the method of Kass and Horovitz (2002) with random shuffling to $5.2 (0.00113/ 0.00022) when using the new method (in the case of both methods a P-value <0.005 was used). Hence a 4-fold improvement in the signal-to-noise ratio was obtained in this case. This estimate can, however, be somewhat misleading since the intra-protein correlated mutations were counted for the two proteins together. A separate calculation for carbamoylphosphate synthase shows that the ratio between the density of intra-protein correlated mutations and the density of interprotein correlated mutations changes from $1.5 (0.185/0.126) when using the method of Kass and Horovitz (2002) with random shuffling to $6.2 (0.00135/0.00022) when using the new method. In contrast, the separate calculation for adenylate kinase shows that the ratio between the density of intra-protein correlated mutations and the density of inter-protein correlated mutations changes from $1.3 (0.164/0.126) when using the method of Kass and Horovitz (2002) with random shuffling to $1.2 (0.00026/0.00022) when using the new method. The separate calculations for the two proteins suggest, therefore, that the signal due to inter-residue interactions is absent (or very weak) in the case of adenylate kinase but clearly present in the case of carbamoyl-phosphate synthase.
A comparison of the results of correlated mutations analysis of the 16 pairs of non-interacting proteins (Table I ) using the evolutionary tree-based shuffling method (the new method) and the method of Kass and Horovitz (2002) with random shuffling (the old method) is shown in Figure 4 . The ratio between the density of intra-protein correlated mutations and the density of inter-protein correlated mutations obtained with the new method is plotted against the same ratio obtained with the old method for each pair of proteins. It may be seen that the results are consistently above the line with a slope of Fig. 3 . Correlated mutation analysis of concatenated carbamoyl-phosphate synthase and adenylate kinase sequences with noise reduction. Sequences of carbamoyl-phosphate synthase (small chain) and adenylate kinase from the same organism were concatenated and subjected to a correlated mutations analysis using the new method described in this paper. Coupled positions with a P-value <0.005 found within carbamoyl-phosphate synthase (small chain) (I) or adenylate kinase (II) and between the two proteins (III) are shown as black dots. Sequence numbering corresponds to the sequence of adenylate kinase concatenated to the C-terminus of carbamoyl-phosphate synthase (small chain) after eliminating positions in both proteins that are conserved or with gaps in >10% of the sequences. Fig. 4 . Comparison of the results of correlated mutations analysis of noninteracting protein pairs using the random and the evolutionary tree-based shuffling methods. The ratio between the density of intra-protein correlated mutations and the density of inter-protein correlated mutations obtained with the tree-based shuffling method (the new method) is plotted against the same ratio obtained with random shuffling (the old method) for each of the 16 pairs of non-interacting proteins in Table II (Supplementary data). Results above and below the black line with a slope of unity indicate noise reduction and enhancement, respectively. The errors due to the shuffling were calculated by repeating each calculation three times. All the positions reported to be coupled have a P-value <0.005.
Detection of correlated mutations
unity, indicating that the new method leads to noise reduction. In three out of the 16 pairs, however, the improvement in the signal-to-noise ratio was minimal. In one of these cases, seryltRNA synthetase and the small chain of carbamoyl-phosphate synthase, the lack of improvement may be due to a surprising sequence similarity between the two proteins with a probability of 0.0646 to have arisen by random (Pearson, 1996) . We do not yet have an explanation for the lack of improvement in the case of the two pairs enolase-ribosomal protein L1 and S-adenosylmethionine synthetase-phosphoribosyl pyrophosphate synthetase. In general, however, there appears to be an inverse correlation (r = 0.63) between the value of the tree-correlation coefficient and the extent of improvement in the signal-to-noise ratio using our new method (Table I ). This might initially seem surprising since a low value of the tree-correlation coefficient indicates that the sequences of a are already shuffled to some extent with respect to those of b and, therefore, the scope for improvement in the signal-to-noise ratio using the new method is limited in advance. However, the tree-based shuffling is not efficient for one or both of the proteins when the value of the tree-correlation coefficient is low and, therefore, the evolutionary noise in the intra-protein correlations is high. Hence the ratio of inter-protein noise reduction to intra-protein noise reduction is likely to be higher for a,b pairs with a small tree coefficient.
Enhancement of signal due to residue-residue interactions in correlated mutation analysis
The results described above show that application of the new evolutionary tree-based shuffling method to concatenated noninteracting proteins leads to a reduction of the evolutionary noise that is reflected in inter-protein correlated mutations. This implies that the new method should also lead to enrichment of intra-protein correlated mutations that reflect residue-residue interactions. Direct evidence for this conclusion was obtained by analyzing the separation in sequence of correlated positions found in different types of secondary structure elements ( Figure 5 ) and the distance distribution of correlated positions (Figure 6 ) using the new method in comparison with the old method. The correlated mutations in a-helices obtained with the new method show two clear peaks corresponding to respective separations in sequence of four and eight residues (Figure 5a ) that are poorly resolved in the case of the results obtained with the old method (Figure 5b) . Similarly, the results for correlated mutations in b-strands obtained with the new method show a clear peak that corresponds to separation in sequence of two residues (Figure 5a ) that is poorly resolved in the case of the results obtained with old method (Figure 5b ). Such separations in sequence are expected for direct interresidue interactions in a-helices and b-strands. A control for these results is the finding that no major peak is observed in the case of the other secondary structure elements (turns, loops and unstructured segments) using both the new and the old methods. In addition, it may be seen in Figure 6 that, in the case of the four non-homo-oligomeric proteins examined, the fraction of pairs of positions separated by a short distance is enriched significantly when considering pairs of correlated positions revealed by the new method relative to pairs of correlated positions revealed by the old method or all pairs of positions in the proteins. Taken together, the results in Figures 5 and 6 , therefore, indicate that a certain fraction of correlated mutations reflects direct inter-residue interactions and that this fraction is enriched significantly when using the new method. Detection of such inter-residue interactions can assist, for example, in protein structure predictions and in revealing protein-protein interactions.
Conclusions
Correlated mutation analysis of concatenated non-interacting proteins using the method of Kass and Horovitz (2002) with random shuffling revealed many inter-protein coordinated mutations that reflect evolutionary noise and not direct or indirect inter-residue interactions. Replacing the random shuffling step with evolutionary tree-based shuffling (which may also be useful in other non-related applications) was found to reduce evolutionary noise and, thus, increase the signal-tonoise ratio. This new method is similar in spirit to the method of Wollenberg and Atchley (2000) but has two important Fig. 5 . Analysis of correlated mutations in different elements of secondary structure. The number of correlated mutations with a P-value <0.01 in a-helices, b-strands and all other secondary structural elements (turns, loops and unstructured segments) found using the method of Kass and Horovitz (2002) with evolutionary-tree based shuffling (a) or random shuffling (b) is shown as a function of the distance in sequence separating the coupled positions. The numbers were normalized relative to the total number of correlated mutations in each of the secondary structural elements. For further details, see Methods.
advantages: (i) the amino acid composition of each position in the alignment is conserved in the artificial sequences and (ii) the likelihood that a pair of covarying sites did not result from common ancestry is determined individually for every pair of sites in the alignment. Evidence for the increase in signal when the new method described here is applied is provided by the observation that the fraction of correlated mutations that reflect direct inter-residue interactions in the tertiary structure and different structural elements of proteins is enriched. Hence correlated mutations at distant positions revealed by the new method are also more likely to have physical significance and reflect long-range energetic coupling in proteins.
